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Abstract: Satellite-based precipitation monitoring at high spatial resolution is crucial for assessing the
water and energy cycles at the global and regional scale. Based on the recently released 7th version
of the Multi-satellite Precipitation Analysis (TMPA) product of the Tropical Rainfall Measuring
Mission (TRMM), and the monthly precipitation data (3B43) are evaluated using observed monthly
precipitation from 65 meteorological stations in Jiangsu Province, China, for the period 1998–2014.
Additionally, the standardized precipitation index (SPI), which is derived by a nonparametric
approach, is employed to investigate the suitability of the TRMM 3B43 precipitation data for drought
monitoring in Jiangsu Province. The temporal correlations between observations and the TRMM
3B43 precipitation data show, in general, reasonable agreement for different time scales. However,
in summer, only 50% of the stations present correlation coefficients that are statistically significant
at the 95% confidence interval. The overall best agreement of TRMM 3B43 precipitation data at
seasonal scale tends to occur in autumn (SON). The comparative analysis of the calculated SPI time
series suggests that the accuracy of TRMM3B43 decreases with increasing time scale. Stations with
significant correlation coefficients also become less spatially homogeneous with increasing time scale.
In summary, the findings demonstrate that TRMM 3B43 precipitation data can be used for reliable
short-term drought monitoring in Jiangsu province, while temporal-spatial limitations exist for longer
time scales.
Keywords: TRMM 3B43; precipitation; drought; standardized precipitation Index; SPI
1. Introduction
Research on droughts has received special attention in recent years due to concerns over global
climate change [1–3]. Numerous studies have emphasized that precipitation is the primary factor
controlling the formation and persistence of various droughts (e.g., [4]). Accurate estimation of
precipitation is crucial for improving our understanding of droughts at different temporal and spatial
scales (e.g., [5,6]). This cannot be achieved without reliable measurements of precipitation. Although
rain gauge observations provide long-term records, the density of most rain gauge networks is
typically far too coarse to capture the spatial variability of rainfall in many regions of the world, and
particularly in developing countries, mainly due to the high costs of establishing and maintaining
such an infrastructure [7]. In the past several decades, with advances in the field of remote sensing,
satellite-based precipitation estimation products with high spatial resolution for different time steps
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have been widely used for hydrological and climatic applications (e.g., [8–10]). These products play
a vital role in the global monitoring of precipitation because they fill in large data voids where
conventional measurements from surface rain gauges and weather radars are primarily restricted to
populated land regions [11]. Although these products are similar in that most of them combine data
from passive microwave and thermal infrared sensors, each of them has its unique approaches in
retrieval algorithms and blending of various data sources. Therefore, a comprehensive evaluation of
the results of satellite-based precipitation measurements by using available observational data has
become an important scientific focus (e.g., [12–14]). Indeed, further applications of these products rely
heavily on their rigorous and informative validation.
Currently, measuring precipitation at a global scale is feasible only through the application of
satellite remote sensing. A number of high-resolution precipitation products at global scale are now
available. Among these products the Tropical Rainfall Measuring Mission (TRMM) Multi-satellite
Precipitation Analysis (TMPA) products have received much attention after the TRMM launch in
November 1997. TMPA is available for past time-series (3B42) and in real-time (3B42RT), both based
on calibration by the TRMM Combined Instrument and TRMM Microwave Imager precipitation
products [15]. The most recent 7th version (V7) was released in December 2012 after retrospective
reprocessing of version 6. V7 is assumed to be more accurate as the major revisions to the algorithm
involve the radar reflectivity–rainfall rate relationship, surface clutter detection over high terrain, a new
reference database for the passive microwave algorithm, and a higher-quality gauge analysis product
provided by the Global Precipitation Climatology Centre (GPCC) for monthly bias correction [16].
Numerous studies have been conducted with the aim to compare the TMPA results with in situ
observations over various regions with different physiographic and climatic conditions (e.g., [17,18]).
Most of them indicate that those products have great potential in supplying excellent spatial and
temporal data for hydrometeorological applications such as hydrological modeling and drought
monitoring (e.g., [19–21]). For example, Su et al. [22] and Wagner et al. [23] evaluated the robustness
of TRMM 3B42V6 by comparing the precipitation data with available gauged data and applied it as
inputs for hydrological modeling in the La Plata basin in South America and the White Volta catchment
in West Africa, respectively. Both studies concluded that TRMM data are quite accurate at monthly
time steps but less accurate at daily time steps. In the arid region of Central Asia, Moazami et al. [24]
found that TRMM 3B42V7 data shows better estimates of daily precipitation than those of the TRMM
3B42 real-time and the PERSIANN satellite imagery products over Iran.
Although the accuracy and precision of TMPA products has greatly improved since important
changes have been incorporated into the new version, TMPA data are still subject to significant
uncertainties due to the indirect measurements of processes in the atmosphere and the rain retrieval
algorithm [25–27]. For example, Zulkafli et al. [9] compared the precipitation data of version 7 and
version 6 and found that version 7 shows a significantly lower bias and an improved representation of
the rainfall distribution in and around the northern Peruvian Andes. However, over the continental
United States, Chen et al. [28] found that 3B42RTV7 gained a little improvement over 3B42RTV6, but
with the relative bias increasing from 8.18% to 14.92% over the central US and from 0.16% to 3.22%
over the eastern US. Therefore, it is recommended to evaluate the robustness and accuracy of TRMM
3B42V7 data against observations before opting for a specific application.
Compared to drought monitoring based on ground station observations, the use of satellite based
rainfall estimates offers important advantages in terms of accuracy, spatial coverage, timeliness, and
cost efficiency [29]. Numerous studies have extensively validated the TRMM data on ground station
data worldwide, and most of them suggest that the TRMM data could be used as an alternative
data source for drought monitoring (e.g., [30–32]). Based on the TRMM 3B43 monthly precipitation
product and the GPCC full-reanalysis gridded precipitation dataset, a nonparametric resampling
bootstrap approach was used by Naumann et al. [8] to compute the confidence bands associated with
the Standardized Precipitation Index (SPI) estimation, the comparative analysis suggests that TRMM
3B43 is reliable for drought monitoring over Africa.
Water 2016, 8, 221 3 of 13
The purpose of this study is to perform an initial qualitative and quantitative comparison between
monthly precipitation from TRMM 3B43 and ground station observations, and to investigate the
suitability of applying TRMM 3B43 for drought monitoring in Jiangsu Province, China. The findings
will help to determine whether the TRMM 3B43 productcan be recommended forfuture drought
monitoring at a provincial level in East China.
2. Study Area: Geographical Setting
The study domain is Jiangsu Province, which is located in the coastal area of East China.
The province stretches between the latitudes 30˝451 N and 35˝201 N and the longitudes 116˝181 E and
121˝571 E, covering an area of approximately 100,000 square kilometers (Figure 1). Most parts of the
province lie below 50 meters above sea level. Jiangsu has a humid subtropical climate. The annual
average precipitation ranges from 550 to 1450 mm, concentrated mostly in summer (JJA) during the
monsoon season. Jiangsu Province has the highest GDP per capita of all Chinese provinces. The total
population is 78.5 million, which makes Jiangsu the most densely populated province in China [33].
The worst droughtobserved in the last 50 years occurred in the spring of 2011 [34]. This adverse event
increased the demand in drought monitoring and the assessment of environmental and social-economic
impacts due to drought events.
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3. Data and Methodology
3.1. Precipitation Datasets
The monthly precipitation data of TMPA Versio 7 is obtained from the NASA archive [35].
This dat release consists of three products with different temporal res lutions: three-hourly (3B42),
daily (3B42 derived), and monthly (3B43). The spatial resolution for all three products is 0.25˝ ˆ 0.25˝
and extends from latitude 50˝ S to 50˝ N. In this study, only the TRMM 3B43 product for the period
of 1998–2014 is used, which is the monthly mean of the TRMM 3B42 dataset with additional rain
gauge station data used for verification and adjustment for rainfall biases. The historical observed
precipitation datasets (1998–2014) of 65 meteorological stations are obtained from the National Climate
Center of China. In order to facilitate product intercomparison, the monthly TRMM 3B43 gridded
datasets of 1220 pixels in the study domain are interpolated to meteorological stations using the nearest
neighbor interpolation method.
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3.2. Methodology
For the evaluation of the TRMM 3B43 precipitation product, the correlation coefficient (R2) is
applied to assess the agreement between TRMM 3B43 precipitation and rain gauge observations.
The variability of average annual and seasonal (MAM, JJA, SON, DFJ) precipitation during 1998–2014
is measured by the standard deviation (SD) for the two datasets, respectively. The bias (relative mean
bias) and root mean square error (RMSE) are employed to estimate the average difference between the
two datasets (Table 1).
Table 1. Descriptive statistics and corresponding equations, where “O” is the observed precipitation
data, “T” is the TRMM 3B43 product, and “n” is the sample size.





















In this study, we also apply the widely-used SPI to characterize drought on different time
scales [36]. The SPI is calculated from monthly precipitation data only [37], whereas other drought
indices such as the Standardized Precipitation Evapotranspiration Index (SPEI; [38]) and the Palmer
Drought Severity Index (PDSI; [39]) use several parameters. In general, the raw precipitation data
are typically fitted to a gamma or a Pearson Type III distribution, and then transformed to a normal
distribution [40]. Since different SPI values may be obtained if different probability distributions
are used to describe the precipitation time series [41], the SPI values derived from observations
and the TRMM 3B43 cannot be compared with each other directly. In this study, SPI is computed
by a nonparametric approach proposed by Farahmand and AghaKouchak [42]. Instead of fitting
an appropriate probability density function to the frequency distribution of precipitation summed
over the time scale of interest (usually 1-, 3-, 6-, 12-, and 24-months), this method standardizes the
marginal probability of precipitation using the empirical distribution function of the data. Namely,
p pxiq “ pi´ 0.44q { pn` 0.12q, where n is the sample size, i denotes the rank of non-zero precipitation
data from the smallest, and p pxiq is the corresponding empirical probability. The approach does
not require an assumption on representativeness of a parametric distribution function for describing
drought-related variables. The p pxiq can be transformed into a Standardized Index as: SI “ ∅´1(p),
whereH is the standard normal distribution function, and p is the empirical probability of precipitation.
The classification of drought intensities resulting from SPI computation and the corresponding
probabilities of occurrence of each severity are shown in Table 2.
Table 2. Classification of the Standardized Precipitation Index (SPI).
SPI Classification Probability (%)
1.0 > SPI ě ´1.0 Near normal 68.2
´1.0 ě SPI > ´1.5 Moderate drought 9.2
´1.5 ě SPI > ´2.0 Severe drought 4.4
SPI ď ´2.00 Extreme drought 2.3
4. Results
4.1. Temporal Validation
The comparison of the two datasets of monthly mean precipitation shows that the TRMM 3B43
product follows the observed annual cycle for the period 1998–2014 (Figure 2a) but overestimates the
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precipitation amounts in the rainy season (JJAS) and slightly underestimates the precipitation amounts
in the dry season (DJFMA). The scatter plot of the TRMM 3B43 and the observed annual precipitation
data, as shown in Figure 2b, suggests that the TRMM 3B43 product highly agrees with the observations
(R2 = 0.94), with the scatter dots close to the diagonal line, an RMSE of 20.38 mmand a bias of 5.69%.
The comparison of the standard deviations (SD) also shows a good agreement between the TRMM
3B43 product and the observations at annual time scale.
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Figure 2. Annual cycle of monthly precipitation (a) and scatter plot with fitted regression line of
annual precipitation (b) derived from TRMM 3B43 and observations; all are averaged over the Jiangsu
Province for the period 1998–2014; The horizontal and vertical error bar in Figure 2b denote the
standard deviation of annual precipitation derived from TRMM 3B43 and observations, respectively.
The positive bias values for the seasonal precipitation indicate that TRMM 3B43 tends to
overestimate precipitation in all seasons (Figure 3). The lowest correlation coefficient and bias is
observed in summer, while the highest correlation coefficient and the lowest RMSE are observed in
spring and winter, respectively. In summer (Figure 3b), the large differences in SD indicate that the
fluctuations within the TRMM 3B43 productare more intense than ithin the observed data. Contrarily
in winter (Figure 3d), the differences in SD are relatively small, which indicate that the temporal
variability of the TRMM 3B43 productis more consistent with the observed precipitation.
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Since the correlation coefficient, the bias, and the RMSE may be concealed by their averages,
an evaluation on individual station data is particularly important. In Figure 4, the bias, RMSE, and
correlation coefficient of each station in the study area are shown. The correlation coefficients for
summer are relatively low (Figure 4b), i.e., about 50% of the stations present correlation coefficients
significant at the 95% confidence level, while the bias values in summer and autumn are relatively
small. Although large biases can be observed at some stations in winter (Figure 4d), all stations show
significant correlation coefficientsat the 99% confidence level.
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4.2. Spatial Validation
The spatial distributions of biases, correlation coefficients (R2), and RMSE in seasonal precipitation
are shown in Figure 5. The bias between TRMM 3B43 and observations has a distinct geographic
pattern, i.e., in spring and winter, the precipitation amounts derived from TRMM 3B43 (Figure 5e,h)
are considerably higher than observed (Figure 5a,d), especially in the northwestern region, which
is characterized by mountainous topography. Meanwhile, the TRMM 3B43 product failed to reveal
precipitation maxima in the southern region, which results in a reverse precipitation pattern over
the study area when compared to observations of those two seasons. Consequently, larger RMSEs
tend to appear for the northern region in spring and winter (Figure 5q,t). The bias between TRMM
3B43 and observed precipitation in spring (Figure 5i) and winter (Figure 5l) ranges from ´48% to
+195% and ´64% to 300%, respectively, both with a distinctive low bias zone in the central part of
Jiangsu Province. In general, the spatial distributions of precipitation from TRMM 3B43 in summer
and autumn (Figure 5f,g) are similar to those from observations (Figure 5b,c), with the bias ranging
from ´15% to +34% and ´22% to +80%, respectively.
It should be noted that, although in summer only 50% of the stations present significant correlation
coefficients at the 95% confidence level, the RMSE are relatively small and in the range of 0 to +25 mm
(Figure 5r). Stations with higher correlation coefficients are mainly distributed in the central part of
Jiangsu Province (Figure 5m–p), which implies that in this region the TRMM 3B43 results perform
better in estimating the precipitation amounts. In general, the overall best spatial agreement of TRMM
3B43 tends to occur in autumn.
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4.3. Validation of the TRMM 3B43 Product for Drought Monitoring
To validate the suitability of the TRMM 3B43 product for drought monitoring applications, the
SPI time series are calculated at various time scales with 1- to 24-months for each station for the period
1998–2014 (Figure 6). A drought episode is defined as a continuous period of SPI values below ´1.
In both SPI time series calculated from observations and the TRMM 3B43 product, major drought
episodes can be detected in 2001–2002, 2005, 2011, and in 2013–2014. The drought events found in the
observed SPI are not as strong as in the TRMM 3B43 based SPI. Furthermore, intense and prolonged
wet periods during 2003–2004 and 2006–2007 are detected by the TRMM 3B43 based SPI only.
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For a more detailed comparison, the SPI time series with time scales of 3-, 6-, 12-, and 24-months
are visualized in Figure 7, respectively. These timescales reflect the impacts of drought on sectors
with different focus on water resources, e.g., hydrology, agriculture, and energy [43]. All these SPI
time series are significant at the 99% confidence level. The correlation coefficient (R2) ranges between
0.85 and 0.96. For short time scales (i.e., 3- and 6-months), the TRMM 3B43 based SPI show very
good agreement in frequency and intensity with the SPI from observations (Figure 7a,b). However,
the accuracy of TRMM 3B43 based SPI time series decreases with increasing time scales (i.e., 12- and
24-months), which can be seen by the lower correlation coefficients and the higher discrepancies in the
intensities of the SPI time series (Figure 7c,d).
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Figure 7. SPI time series calculated from observations (blue and red shaded bars) and TRMM 3B43
(solid line) at time scales of (a) 3-months; (b) 6-months; (c) 12-months; and (d) 24-months over Jiangsu
Province, 1998–2014.
For the 12-month SPI, which is generall t i icator for hydrological drought, both
time series capture the two major droughts in 2001–2003 a 2005–2006. The TR M 3B43 based SPI
with a 24-month time scale tends to overestimate the wet period of 2007 compared to the observations.
According to Guttman [38], the number of data points limits the range of the SPI, and timescales longer
than 24 months may be unreliable. Due to the limited precipitation datain this study, especially long
time scales (e.g., 12- and 24-months), the statistical confidence of the probability estimates of the tail
ends decreases for dry and wet episodes.
To detect the spatial reliability of the SPI from the TRMM 3B43 product, the correlation coefficients
between both SPI time series at four different time scales (3-, 6-, 12-, and 24-months) are illustrated for
each station in Figure 8. In the central region of Jiangsu Province, the correlation coefficients are high,
while those in the northern and southern regions are low or not significant. The longer the SPI time
scale, the fewer stations show significant correlations. This indicates that the SPI from TRMM 3B43
performs well in the central region of Jiangsu Province. The SPI from TRMM 3B43 with time scales
longer than 12 months does not appear to be reliable for drought monitoring in both northern and
southern Jiangsu Province.
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5. Conclusions
In this study, the TRMM 3B43 precipitation product was compared with observed precipitation
data from Jiangsu Province for the period of 1998–2014. The results vary with different temporal and
spatial scales, i.e., the comparison of the areal mean precipitation shows a very good relationship
between TRMM 3B43 and observations on monthly and seasonal time scales. Nevertheless, some
poor agreements are found in summer when the correlation coefficients at individual stations are
investigated. A distinct geographic pattern can be observed for the bias in spring and summer, which
results in a reverse spatial pattern for precipitation derived from TRMM 3B43 in contrast to the
observations. Large bias can be observed in spring and winter, especially in the northern region of
Jiangsu Province. In general, the spatial pattern of the error statistics of the TRMM 3B43 precipitation
product is relatively well estimated for autumn compared to other seasons. With certain exceptions,
the TRMM 3B43 product can be used as a potential substitute for ground observations in Jiangsu
Province, especially for areal mean precipitation at monthly and seasonal scales. The quantitative
evaluation of the TRMM 3B43 product against observations also suggests that an additional use of the
TRMM 3B43 product can enhance the spatial density of precipitation records for drought monitoring.
The capabilityof the SPI time series from TRMM 3B43 decreases with longer time scales. This is
also confirmed by the reduction in the number of stations with significant correlation coefficients
between TRMM 3B43 and observations when longer time scales are used. Based on the analysis, the
TRMM 3B43 productshows reliable results for drought monitoring in the central regions of Jiangsu
Province even though further investigation are necessary. It is therefore proposed that the TRMM 3B43
product might be a cost-effective solution for drought monitoring in the support of decision-making in
Jiangsu Province. Nonetheless, caution should be exercised when the TRMM 3B43 product is applied
for the SPI at long time scales, as well as for the northern and southern regions of Jiangsu Province.
6. Disscusion
One possible reason that caused the poor agreement of TRMM 3B43 over the northern and
southern regions of Jiangsu Province might be the topographic features and atmospheric forcing, which
influence the convective characteristics and structures. According to Yong et al. [27], satellite-based
precipitation estimates may fail to capture orographic rainfall in mountainous regions. Hence, the
satellite-based precipitation data from relatively flat plains is potentially more reliable for drought
monitoring. In terms of seasonal scale, the large differences (e.g., SD, bias, and RMSE) in summer and
winter might be caused by the two dominant convective and stratiform precipitations. Li et al. [44]
found that over eastern China, the winter precipitation demonstrates stratiform features, but in
summer, precipitation has both convective and stratiform characteristics. Those differences might
also be caused by systematic and random errors of the TRMM product. AghaKouchak et al. [45]
argued that the systematic biases of satellite precipitation are distinctively different in summer
andwinter. The systematic (random) error is remarkably higher (lower) during the winter. Furthermore,
Maggioni et al. [46] concluded thatlarger error components correspond to a larger magnitudeof rain
ratesover the contiguous United States, whichsuggests that future satellite bias adjustment procedures
should account for this dependence. Thus, the TRMM 3B43 precipitation products still require further
investigation, especially for future developments of more precise precipitation algorithms.
In addition, Wu et al. [47] report that the SPI is strongly influenced by the length of the time series,
because the reduced effective sample size leads to instability of the parameter estimates. They suggest
a minimum precipitation record for the SPI of 30 years, which is not possible in this study because
the TRMM started in 1998 and ended in 2015. However, NASA’s Global Precipitation Measurement
(GPM) will continue to offer long-term and consistent precipitation products. A high resolution
and advanced data set of the Integrated Multi-satellite Retrievals for GPM (IMERG) wasrecently
released [48]. Thus, the use of the IMERG precipitation products for future application in drought
monitoring is recommended.
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